In this paper, we study the challenging problem of multi-object tracking in a complex scene captured by a single camera. Different from the existing tracklet association-based tracking methods, we propose a novel and efficient way to obtain discriminative appearance-based tracklet affinity models. Our proposed method jointly learns the convolutional neural networks (CNNs) and temporally constrained metrics. In our method, a Siamese convolutional neural network (CNN) is first pre-trained on the auxiliary data. Then the Siamese CNN and temporally constrained metrics are jointly learned online to construct the appearance-based tracklet affinity models. The proposed method can jointly learn the hierarchical deep features and temporally constrained segment-wise metrics under a unified framework. For reliable association between tracklets, a novel loss function incorporating temporally constrained multi-task learning mechanism is proposed. By employing the proposed method, tracklet association can be accomplished even in challenging situations. Moreover, a new dataset with 40 fully annotated sequences is created to facilitate the tracking evaluation. Experimental results on five public datasets and the new large-scale dataset show that our method outperforms several state-of-the-art approaches in multi-object tracking.
I. INTRODUCTION
M ULTI-OBJECT tracking in real scenes is an important topic in computer vision, due to its demands in many essential applications such as surveillance, robotics, traffic safety and entertainment. As the seminal achievements were obtained in object detection [1] , [2] , [3] , tracklet associationbased tracking methods [4] , [5] , [6] , [7] , [8] have become popular recently. These methods usually include two key components: 1) A tracklet affinity model that estimates the linking probability between tracklets (track fragments), which is usually based on the combination of multiple cues (motion and appearance cues); 2) A global optimization framework for tracklet association, which is usually formulated as a maximum a posterior problem (MAP).
Even though some state-of-the-art methods [4] , [6] , [9] have achieved much progress in constructing discriminative appearance and motion based tracklet affinity models, problems such as track fragmentation and identity switch still B. Wang, L. Wang cannot be well handled, especially under difficult situations where the appearance or motion of an object changes abruptly and significantly. Some of state-of-the-art tracklet associationbased multi-object tracking methods [4] , [9] make use of image representations which are not well-suited for constructing robust appearance-based tracklet affinity models. These methods usually utilize pre-selected features, such as HOG features [1] , local binary patterns [2] , or color histograms, which are not "tailor-made" for the tracked objects in question. Recently, deep convolutional neural network architectures have been successfully applied to many challenging tasks, such as image classification [10] and object detection [11] , and been reported highly promising results. The core to the deep convolutional neural network's success is to take the advantage of deep architectures to learn richer hierarchical features through multiple nonlinear transformations. Hence, we adopt the deep convolutional neural network for multi-object tracking in this work.
Traditional deep neural networks [10] , [14] are designed for the classification task. Here, we aim to associate tracklets by joint learning of the convolutional neural networks and the appearance-based tracklet affinity models. This joint optimization will maximize their capacity for solving tracklet association problems. Hence, we propose to jointly learn the Siamese convolutional neural network, which consists of two sub-networks (see Figure 1 ), and appearance-based tracklet affinity models, so that the appearance-based affinity models and the "tailor-made" hierarchical features for tracked targets are learned simultaneously and coherently. Furthermore, based on the analysis of the characteristics of the sequential data stream, a novel temporally constrained multi-task learning mechanism is proposed to be added to the objective function. This makes the deep architectures more effective in tackling the tracklet association problem. Although deep architectures have been employed in single object tracking [15] , [16] , [17] , [18] , [19] , we explore deep architectures for multi-object tracking in this work.
The proposed framework in this paper is shown in Figure  1 . Given a video input, we first detect objects in each frame by a pre-trained object detector, such as the popular DPM detector [3] . Then a dual-threshold strategy [20] is employed to generate reliable tracklets. The Siamese CNN is first pretrained on the auxiliary data offline. Subsequently, the Siamese CNN and temporally constrained metrics are jointly learned online for tracklet affinity models by using the online collected training samples among the reliable tracklets. Finally, the 
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Fig. 1:
Tracking framework of our method. In the Generalized Linear Assignment (GLA) [12] graph, each node denotes a reliable tracklet; each edge denotes a possible link between two tracklets. Our method jointly learns the parameters of the Siamese CNN and the temporally constrained metrics for tracklet affinity model, as shown in the red-dashed box, which estimates the linking probability between two tracklets in the GLA graph. The tracking results are obtained by combinatorial optimization using the softassign algorithm [13] .
tracklet association problem is formulated as a Generalized Linear Assignment (GLA) problem, which is solved by the softassign algorithm [13] . The final trajectories of multiple objects are obtained after a trajectory recovery process. The contributions of this paper can be summarized as: (1) We propose a unified deep model for jointly learning "tailormade" hierarchical features for currently tracked objects and temporally constrained segment-wise metrics for tracklet affinity models. With this deep model, the feature learning and the discriminative tracklet affinity model learning can efficiently interact with each other, maximizing their performance cooperatively. (2) A novel temporally constrained multi-task learning mechanism is proposed to be embedded into the last layer of the unified deep neural network, which makes it more effective to learn appearance-based affinity model for tracklet association. (3) A new large-scale dataset with 40 diverse fully annotated sequences is built to facilitate performance evaluation. This new dataset includes 24,882 frames and 246,330 annotated bounding boxes of pedestrians.
The remainder of this paper is organized as follows: The unified deep model is introduced in Section II. Section III describes the tracklet association framework. The new largescale dataset and experimental results are introduced in Section IV. Section V concludes the paper.
II. THE UNIFIED DEEP MODEL
In this section, we explain how the unified deep model is designed for jointly learning hierarchical features and temporally constrained metrics for tracklet association.
A. The Architecture
A deep neural network usually works in a standalone mode for most of computer vision tasks, such as image classification, object recognition and detection. The input and output of the deep neural network in this mode are a sample and a predicted label respectively. However, for the tracklet association problem, the objective is to estimate the tracklet affinities between two tracklets to decide whether they belong to the same object. Hence, the "sample → label" mode deep neural network is not applicable to the tracklet association problem. To deal with this problem, we propose to create a Siamese deep neural network, which consists of two sub-networks working in a "sample pair → similarity" mode.
The structure of the Siamese convolution neural network (CNN) is shown in Figure 1 (red-dashed box). Given two target images, they are first warped to a fixed 96 × 96 patch and presented to the Siamese CNN. The Siamese CNN is composed of two sub convolutional neural networks (CNNs), as shown in Figure 1 (red-dashed box). A novel metric learning based loss function is proposed for learning this Siamese CNN. Moreover, the Siamese CNN has their two sub-CNNs sharing the same parameters, i.e., weights and biases.
The sub-CNN in the unified deep model consists of 2 convolutional layers (C1 and C2), 2 max pooling layers (S1 and S2) and a fully connected layer (F3), as shown in Figure  2 . The number of channels of convolutional and max pooling layers are both 96. The output of the sub-CNN is a feature vector of 512 dimensions. A cross-channel normalization unit is included in each pooling layer. The convolutional layer output has the same size as the input by zero padding of the input data. The filter sizes of C1 and C2 layers are 7 × 7 and 5 × 5 respectively. The activation function for each layer in the CNN is ReLU neuron [10] .
B. Loss Function and Temporally Constrained Metric Learning
As we can see in Figure 1 (red-dashed box), the Siamese CNN consists of two basic components: two sub-CNNs and a loss function. The loss function converts the difference between the paired input samples into a margin-based loss.
The relative distance between an input sample pair used in the loss function, parameterized as a Mahalanobis distance, is defined as:
where x i and x j are two 512-dimensional feature vectors obtained from the last layer of the two sub-CNNs; and M is a positive semidefinite matrix. Before introducing the proposed loss function with the temporally constrained multi-task learning mechanism, we first present the loss function with common metric learning. Given training samples, we aim to minimize the following loss:
where λ is a regularization parameter; · F denotes the Frobenius norm of a matrix; C is the weight parameter of the empirical loss; b is a constant value satisfying 0 ≤ b ≤ 1, which represents the decision margin; l i,j is a label that equals to 1 when x i and x j are of the same object and -1 otherwise; and M 0 means that M is a positive semidefinite matrix. Nevertheless, object appearance can vary a lot in the entire video sequence. It is undesirable to use the same metric to estimate the tracklet affinities over the entire video sequence. In this paper, segment-wise metrics are proposed to be learned within each short-time segment, known as local segment. Meanwhile, to capture the common discriminative information shared by all the segments, a multi-task learning mechanism is proposed to be embedded into the loss function for learning the segment-wise and common metrics simultaneously. Moreover, segments in videos are temporal sequences. Temporally close segments should share more information. Hence, we propose a multi-task learning method incorporating temporal constraints for this learning problem:
where λ 0 and λ are the regularization parameters of M t for t = 0, 1, ..., n; n is the total number of segments; M 0 is the common metric shared by all the segments; M t is the segmentwise metric; · F denotes the Frobenius norm of a matrix; the second term of this loss function is the temporal constraint term, in which η is a regularization parameter; h(x i , x j ) is the empirical loss function; and C is the weight parameter of the empirical loss. The empirical loss function h(x i , x j ) used in Equation (3) is expressed as:
where b is a constant value, which represents the decision margin; l i,j is a label that equals to 1 when x i and x j are of the same object and -1 otherwise; x i and x j are two 512dimensional feature vectors obtained from the last layer of the two sub-CNNs; and M tot is the metric used for estimating the relative distance between a sample pair.
Appearance-based Tracklet Affinity Model
Temporal Constraints Fig. 3 : An illustration of the temporally constrained multi-task learning mechanism. n is the total number of the segments and the segments are shown in the temporal space.
Intuitively, the common metric M 0 represents the shared discriminative information across the entire video sequence and the segment-wise metric M t>0 adapt the metric for each local segment. In the proposed objective function, in Equation (3), the second term is the temporal constraint term, which accounts for the observation that the neighboring segments sharing more information than the non-neighboring segments (see Figure 3 for an illustration). In the implementation, we use the previous segment-wise metric M t−1 in temporal space to initialize the current segment-wise metric M t , due to the assumption that the neighboring segment-wise metrics are more correlated than the non-neighboring ones.
To learn the parameters of the unified deep model, backpropagation (BP) [21] is utilized. The forward propagation function to calculate the loss of the training pairs is presented in Equation (3). By differentiating the loss function with respect to the two input samples, we have the gradients. The total gradient for back-propagation is the sum of the contributions from the two samples, which is as follows:
where
and I{·} is the indicator function. Based on Equations (3) and (5), we can learn the parameters of the unified deep model by stochastic gradient descent [10] via back-propagation. Moreover, the temporally constrained metrics for tracklet affinity models are obtained simultaneously by batch mode stochastic gradient descent. By differentiating the loss function, as shown in Equation (3), with respect to the common metric M 0 and the segment-wise metric M t>0 , the gradients are:
Online training sample collection is an important issue in the learning of the unified deep model. We take the assumptions similar to those as in [4] : (1) detection responses in one tracklet are from the same object; (2) any detection responses in two different tracklets which have overlaps over time are from different objects. The first one is based on the assumption that the tracklets generated by the dual-threshold strategy are reliable; the second one is based on the fact that one target cannot appear at two or more different locations at the same time, known as spatio-temporal conflict. For each tracklet, κ strongest detection responses are selected as training samples (κ = 4 in our implementation). Then we use two arbitrarily selected different detection responses from the κ strongest responses of T i as positive training samples, and two detection responses from the κ strongest responses of two spatiotemporal conflicted tracklets as negative training samples.
Finally, the common metric M 0 and the segment-wise metrics M t>0 are obtained simultaneously through a gradient descent rule. The online learning algorithm is summarized in Algorithm 1.
where β is the learning rate. Meanwhile, the Siamese CNN is online fine-tuned through back propagating the gradients calculated by Equation (5).
Algorithm 1 Online Learning Algorithm for Temporally Constrained Metric Learning
Input:
Feature vectors of online collected training samples {xi t }; i = 1, ..., nt, nt is the number of the samples within segment t; t = 1, ..., n, n is the total number of the segments; and learning rate β.
Output:
The learned metrics: M0, M1, ..., Mn. 1: Initialize M0 = I (identity matrix). 2: for t = 1, ..., n do 3: if t == 1 then 4:
Initialize Mt = 0. for p = 1, ..., 2m do 10: 11: M0=M0; Mt=Mt. 12: else if li,j < 0 then 13: Compute M0 and Mt by Equations (14) and (15) . 14: else 15: 
III. TRACKLET ASSOCIATION FRAMEWORK
In this section, we present the tracklet association framework, in which, we incorporate the temporally constrained metrics learned by the unified deep model to obtain robust appearance-based tracklet affinity models.
A. Tracklet Association with Generalized Linear Assignment
To avoid learning tracklet starting and termination probabilities, we formulate the tracklet association problem as a Generalized Linear Assignment (GLA) [12] , which does not need the source and sink nodes as in conventional network flow optimization [22] , [23] , [24] , [8] . Given N tracklets {T 1 , ..., T N }, the Generalized Linear Assignment (GLA) problem is formulated as:
where P (T i , T j ) is the linking probability between T i and T j .
The variable X ij denotes that T i is the predecessor of T j in temporal domain when X ij = 1 and that, they may be merged during the optimization.
B. Tracklet Affinity Measurement
To solve the Generalized Linear Assignment (GLA) problem in Equation (16), we need to estimate the tracklet affinity score, or equivalently, the linking probability, P (T i , T j ), between two tracklets. The linking probability P (T i , T j ) is defined based on two cues: motion and appearance.
The motion-based tracklet affinity model P m (T i , T j ) is defined as:
where p tail i is the position of the tail response in T i ; p head j is the position of the head response in T j ; v F i is the forward velocity of T i ; v B j is the backward velocity of T j ; and ∆t is the time gap between the tail response of T i and the head response of T j .
In Equation (18), the forward velocity v F i is estimated from the head to the tail of T i , while the backward velocity v B j is estimated from the tail to the head of T j . It is assumed that the difference of the predicted position and the refined position follows a Gaussian distribution.
To estimate the appearance-based tracklet affinity scores, we need to construct the probe set, consisting of the strongest detection response in each tracklet. The probe set is defined as G = {g i }, i = 1, ..., N s , in which N s is the number of tracklets in a local segment. Each T i has only one selected g i in G to represent itself.
The appearance-based tracklet affinity model P a (T i , T j ) is defined based on the learned temporally constrained metrics:
where x k i denotes the feature vector of the kth detection response in T i ; x k j denotes the feature vector of the k th detection response in T j ; g i , g j ∈ G; m i and m j are the numbers of detection responses of T i and T j respectively.
Through Equation (17), we can obtain the predecessorsuccessor matrix P for the objective function (16) . To achieve fast and accurate convergence, P is normalized by column and a threshold ω is introduced to ensure that a reliable tracklet association pair has a high affinity score.
The Generalized Linear Assignment problem in Equation (16) can be solved by the softassign algorithm [13] . Due to missed detections, there may exist some gaps between adjacent tracklets in each trajectory after tracklet association. Therefore, the final tracking results are obtained through a trajectory interpolation process over gaps based on a linear motion model.
IV. EXPERIMENTS
A. Datasets 1) Public Datasets: To evaluate the multi-object tracking performance of the proposed method, experiments are conducted on five publicly available datasets: PETS 2009 [25] , Town Centre [26] , Parking Lot [27] , ETH Mobile scene [28] and MOTChallenge [29] .
2) New Large-Scale Dataset: As generally known, a representative dataset is a key component in comprehensive performance evaluation. In recent years, several public datasets have been published for multi-target tracking, such as TUD [30] , Town Centre [26] , ParkingLot [27] , ETH [28] and PETS [25] . Nevertheless, for most of the public datasets, the number of testing sequences is limited. The sequences usually lack sufficient diversity, which makes the tracking evaluation short of desired comprehensiveness. Recently, the KITTI benchmark [31] was developed via autonomous driving platform for computer vision challenges, which includes stereo, optical flow, visual odometry, object detection and tracking. However, in this benchmark, the camera is only put on the top of a car for all sequences, resulting in less diversity. Moreover, an up-to-date MOTChallenge benchmark [29] was very recently made available for multi-target tracking. Compared with other datasets, this MOTChallenge [29] is a more comprehensive dataset for multi-target tracking. However, there are still some limitations for this MOTChallenge benchmark. First, 18 testing sequences are included, which are still insufficient to allow for a comprehensive evaluation for multi-target tracking. In the single object tracking area, researchers usually evaluate on more than 50 sequences [32] nowadays. Second, the testing sequences of MOTChallenge lack some specific scenarios such as pedestrians with uniforms. Furthermore, the pedestrian view, which is an important factor affecting the appearance models in multi-target tracking, is not analyzed in the MOTChallenge benchmark. Therefore, it is essential to create a more comprehensive dataset, which includes larger collection of sequences and covers more variations of scenarios, for multi-target tracking.
In this work, a new large-scale dataset containing 40 diverse fully annotated sequences is created to facilitate the evaluation. For this dataset, 10 sequences, which contain 5,080 fames and 52,833 annotated boxes of pedestrians, are used for training; 30 sequences, which contain 19,802 frames and 193,497 annotated boxes of pedestrians, are used for testing.
The new 40 sequences in this new large-scale dataset varies significantly from each other, which can be classified according to the following criteria: (1) Camera motion. The camera can be static like most surveillance cameras, or can be moving as held by a person or placed on a moving platform such as a stroller or a car. (2) Camera viewpoint. The scenes can be captured from a low position, a medium position (at pedestrian's height), or a high position.
(3) Weather conditions. Following the settings of MOTChallenge [29] , the weather conditions are taken into consideration in this benchmark, which are sunny, cloudy and night. (4) Pedestrian view. The dominant pedestrian views in a sequence can be front view, side view or back view. For instance, if a sequence is taken in front of a group of pedestrians, moving towards the camera, the dominant pedestrian view of this sequence is front view. Moreover, the dominant pedestrian views in a sequence can have one, two or all of the views. If one sequence has more pedestrian views, it will be assigned into all the relevant categories. Table I and II show the overview of the training and testing sequences of the new dataset respectively. Figure 4 shows some examples of this new dataset. As shown in Figure  4 , this new dataset contains the scenarios that pedestrians with uniforms. For the first four datasets evaluation, the proposed Siamese CNN is first pre-trained on the JELMOLI dataset [33] with the loss function in Equation (2) . For the MOTChallenge [29] , the Siamese CNN is first pre-trained on the training set of [29] . For the new dataset, the Siamese CNN is first pre-trained on the 10 training sequences. For the regularization parameters in the loss function (3), we set λ 0 = 0.01, λ = 0.02 and η = 0.02. The weight parameter of the empirical loss is set to C = 0.001. The learning rate β is fixed as 0.01 for all the sequences. The variance Σ in the motion-based tracklet affinity model in Equation (18) is fixed at Σ = diag[625 3600]. A threshold value ω between 0.5 and 0.6 in Equation (20) works well for all the datasets. Moreover, a segment of 50 to 80 frames works well for all the sequences.
B. Experimental Settings
For fair comparison, the same input detections and groundtruth annotations are utilized for all the trackers in each sequence. Some of the tracking results are directly taken from the corresponding published papers. For the new dataset, we use DPM detector [3] to generate the detections. The DPM detections with a score above the threshold value −0.3 serve as inputs for all the evaluated trackers in the new dataset.
C. Evaluation Metrics
We use the popular evaluation metrics defined in [34] , as well as the CLEAR MOT metrics [35] : The effects of the segment's parameters on the final performance are shown in Figure 5 . For the number of segments, it is the average number of all the MOTChallenge training sequences. There is no overlap between segments. From the experiments, it is found that a segment of 50 to 80 frames works well for all the sequences.
E. Performance Evaluation
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No segment-wise metrics M t are learned for Baseline 1. For Baseline 2, the unified deep model without the temporally constrained multi-task mechanism is learned for tracklet affinity model. In Baseline 2, we use the loss function in Equation is used. The objective function (3) without the first term is used for this baseline. Note that the Siamese CNNs of all the baselines are pre-trained on JELMOLI dataset [33] . From Table III , IV, V and VI, it is found that Baseline 2 achieves overall better performance than Baseline 1 on the evaluated datasets, which proves the effectiveness of the joint learning. Moreover, our method achieves significant improvement in performance on the evaluated datasets, compared with Baseline 2, which validates the superiority of our unified deep model with the temporally constrained multitask learning mechanism. Our method also achieves overall better performance than Baseline 3 and Baseline 4, which demonstrates the effectiveness of fine-tuning and adding the common metric M 0 .
We further evaluate our method on the recent MOTChallenge 2D Benchmark [29] . Benchmark website [49] . From Table VII , it is found that our method achieves better performance on all evaluation measures compared with a recent work [6] which is also based on the GLA framework. Compared with other stateof-the-art methods, our method achieves better or comparable performance on all the evaluation measures. Moreover, to further show the generality and effectiveness of the proposed method on large-scale sequences, a new dataset with 40 diverse sequences is built for performance evaluation. 5 state-of-the-art tracking methods with released source codes are used in evaluation for the new dataset. The parameters of each evaluated tracking method are fine-tuned on the 10 training sequences. As shown in Table VIII , our method achieves the best performance on MOTA and IDS, which are the most two direct measures for tracklet association evaluation, among all the evaluated tracking methods. The comparison of tracking results between these five state-ofthe-art methods and ours on the new dataset under different conditions is shown in Figure 6 .
Computational speed: Our system was implemented using the MatConvNet toolbox [50] on a server with a 2.60GHz CPU and a Tesla K20c GPU. The computation speed is subject to the number of targets in a video sequence. The speeds of our method are about 0.38, 0.81, 0.50, 0.60, 0.59, 0.55 (sec/frame) for PETS 2009, Town Centre, ParkingLot, ETH, MOTChallenge, and the new dataset, respectively, excluding the detection step. Note that speed-up can be achieved by further optimization of the codes.
V. CONCLUSION
In this paper, a novel unified deep model for tracklet association is presented. This deep model can jointly learn the Siamese CNN and temporally constrained metrics for tracklet affinity models. The experimental results of Baseline 1 and Baseline 2 validate the effectiveness of the joint learning and the temporally constrained multi-task learning mechanism of the proposed unified deep model. Baseline 3 and Baseline 4 demonstrate the effectiveness of fine-tuning and adding the common metric. Moreover, a new large-scale dataset with 40 fully annotated sequences is created to facilitate multi-target tracking evaluation. Furthermore, extensive experimental results on five public datasets and the new large-scale dataset compared with state-of-the-art methods also demonstrate the superiority of our method.
